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Introduction
There seems to be a consensus among policymakers in Latin America that promoting entrepreneurship is a way to achieve economic development. Different programs around the region, such as Emprende Ecuador and Start-Up Chile, exemplify this idea. However, the economic effect of policies that promote entrepreneurship at the country level is still unclear.
In countries like Ecuador, where this study is focused, about one in five people is engaged in entrepreneurial activities, according to the Global Entrepreneurship Monitor Ecuador Report 2010. However, most entrepreneurial activity is highly ineffective at creating jobs; in fact, 98 percent of entrepreneurs created fewer than five jobs. Shane (2009) suggests that these activities are not contributing to economic growth and thus should not be promoted by the government. However, Amorós and Cristi (2010) find a positive effect on poverty reduction, which remains an important issue in Latin America, particularly in Ecuador. This paper focuses on the effect of entrepreneurship on one economic variable: social mobility. Is there evidence that entrepreneurship increases a person's relative income? In order to determine whether such a correlation exists, we studied the evolution of household income over time, using panel data. Unfortunately, in Ecuador, attempts to build rotating panels have only recently begun to be undertaken, and we encountered several problems when attempting to construct a database using this information. We found many statistical inconsistencies, and only short time spans are available for the construction of the data series. Techniques have been developed to remedy these limitations, and several authors have established that panel data are not necessary for many commonly estimated dynamic models (Heckman and Rob, 1985; Deaton, 1985; and Moffitt, 1990) .
The pseudo-panel approach, first introduced by Deaton (1985) , consists of categorizing "similar" individuals in a number of cohorts, which can be constructed over time, and then treating the average values of the variables in the cohort as synthetic observations in a pseudopanel. In Cuesta et al. (2011) , a pseudo-panel approach is used to study the differences in mobility across the Latin American region. They find a high level of unconditional mobility and significant differences across countries. Canelas (2010) also uses this technique to measure poverty, inequality, and mobility in Ecuador and finds a decrease in poverty but persistent inequality between 2000 and 2009.
The rest of the paper is organized as follows: Section 2 presents the data treatment and the construction of the pseudo-panel. Section 3 presents the models of mobility: unconditional and conditional. Section 4 presents the results and the analysis, and Section 5 concludes.
Database Treatment and Documentation
The main objective of this paper is to describe the linkages between entrepreneurship and mobility. In this section, we first analyze the intragenerational mobility experienced by Ecuadorians (unconditional mobility) and approach the potential role of entrepreneurship in improving mobility (conditional mobility). Given that individual data panels are nonexistent in Ecuador, the use of pseudo-panels was required. We start by explaining how we constructed the instrument.
Database Treatment
The data used for the construction and estimation of the pseudo-panel were obtained from the National Employment and Unemployment Survey (ENEMDU for its Spanish acronym) collected by the National Institute of Statistics and Census (INEC). The census is taken at the national level in November every 10 years, and the results are processed and made public the following month. This data collection methodology has been applied since 2003. In some years, national census data are presented in May or June. To avoid any seasonal bias due to variations in the levels of economic activity at different times of the year, only those surveys presented in December were used.
The database used to estimate the pseudo-panel is constructed as a series of independent cross-sections, one for each period analyzed. To determine the period in which the pseudo panel ought to be constructed, it is first necessary to examine the changes made by INEC in the methodology for both the determination of the sample and the estimation of the relevant variables. There are two important changes made in the last decade in the ENEMDU's methodology which are so significant that, without taking them in account, any estimation made for the whole period would suffer from serious bias. The first occurred in December of 2003, before which time only the urban population was analyzed. The definition of what constitutes an urban settlement was also changed in 2003 to include centers with more than 2,000 inhabitants rather than the 5,000 used earlier. The definitions of several labor variables were also modified, and others were included. The second set of changes introduced by INEC in September 2007 consisted of several modifications in labor market definitions and classifications, but there were no significant changes in the variables used for this study (even though income estimation underwent some changes, which will be discussed below).
Because of the loss of information that would result from the construction of a larger panel (in the time dimension), only the 2003-2010 period was studied. To maintain the consistency of the data for the period analyzed, special attention was paid to the changes in the methodology, variable classification, and labels used. The method used for the estimation of individual income was also changed, and new income criteria were introduced after 2007. In addition, even if a survey question was not modified, some of the responses were changed, which in some cases made it impossible to use the variable for the whole period. To account for all of these issues, the income series was constructed using the previous methodology, and all of the other variables included were previously processed to ensure their statistical comparability.
Using this methodology, income is calculated as any payment, either monetary or in-kind, received by the individual on a regular basis (daily, weekly, or monthly). Two types of income sources were considered: income generated by work and income derived from capital, investment, contractual, or non-contractual transfers. A monthly income series was then constructed by adding all sources of personal revenue.
The ENEMDUs were processed in order to obtain the pertinent variables at household level, as the information relevant for this study on an individual level is collected by INEC. Data mining techniques were used and, with the use of Structured Query Language (SQL), income and other covariates were aggregated at the desired level.
The first key concept in determining the effect of entrepreneurship on income mobility is the definition of which households are to be considered entrepreneurs. The focus of the study is those households that are entrepreneurs by choice rather than entrepreneurs due to lack of options (a group that is difficult to correctly identify considering the scant information available).
In order to reduce the probability of error at the moment of classification, only those households in which at least one member currently employs other workers are considered entrepreneurs.
Construction of the Pseudo-panel
In order to analyze the dynamic nature of income mobility, household income needs to be observed over time. Given the absence of panel data, a pseudo-panel must be constructed. The pseudo-panel approach consists of categorizing "similar" individuals into a number of cohorts, which can be constructed over time, and then treating the average values of the variables in the cohort as synthetic observations in a pseudo-panel. Even though this approach has many limitations compared to real panel data, it reduces several problems characteristic of real panel data. First, it greatly diminishes the problem of sample attrition, hence allowing the possibility for the construction of larger panels in the time dimension. A second contribution is that, as the observations are obtained by averaging different observations in a cohort, the possibility of measurement error is greatly reduced (provided the cohorts are adequately constructed).
The efficiency and consistency of the estimators depends, among other things, on the criterion used for the construction of the different cohorts and the asymptotic nature of the data assumed. Several of the requirements for the consistency of pseudo-panel estimation are discussed by Verbeek and Nijman (1992) , who recommend that the choice of the variables for the discrimination of the cohorts in the sample should follow three criteria:
• The cohorts are chosen such that the unconditional probability of being in a particular cohort is the same for all cohorts. Following these assumptions, cohorts were constructed using gender and date of birth of the household head. To determine the number of cohorts to be constructed, first the distribution of the date of birth variable was tested with conventional goodness of fit methods, but no traditional distribution seemed to adjust the data correctly. To ensure relatively similar probabilities of belonging to a birth cohort, the aggregated data for year of birth for the eight periods were divided into deciles. This avoids the possibility that a cohort in a given period becomes too small to provide an accurate estimation of its true characteristics. After considering the weights of the observations due to sample stratification, the following deciles were obtained: 
Another criterion used to determine the number of cohorts is the gender of the household head ( 2 ). The conjunction of the two variables (considering the criterion proposed for the date of birth) results in 20 cohorts per year and 160 synthetic observations in the pseudo-panel. The distribution of the observations and their corresponding expanded population values (by the use of sampling weights) in each of the categories explained are presented in the Appendix. The inclusion of the gender of the household head as a determinant for the conformation of the cohorts makes the probability of belonging to a cohort uneven for most cohorts (as male household heads are more frequently found). As the synthetic observations are calculated with different sample sizes, a systematic heteroskedasticity component is introduced to the error. The methods to correct this problem are discussed in Gurgand et al. (1997) . This problem becomes less relevant in cohorts constructed with a large number of observations, since the variance of the mean approaches zero as this number tends to infinity.
Treatment of Outliers
The household income series each year is irregular, as its standard deviation is between 2 and 4 times the mean. The asymmetries presented by the data may complicate the estimation of any inference model applied. This is also maintained at a cohort level, and important differences in variances between each cohort average are observed. These differences make the heteroskedasticity component, described in the previous section, more important. To account for this problem, data mining techniques are applied to determine and exclude outliers. A median of absolute deviations (MAD) approach is used to determine outliers in each cohort as, due to the nature of the series, the median is a better central tendency measure than the mean. Under this scheme, the following univariant filter was applied to each observation, and observations that satisfy this restriction are considered outliers:
As shown in the formula, the method is applied at a cohort level for each period.
Approximately 1.2 percent of the sample was determined to be an outlier. In Figures 1 and 2 , the average income estimated for male and female cohorts is presented before and after the MAD treatment is applied. The red dotted bands denote the 95 percent confidence interval for the estimated means (solid blue line) for the period analyzed. The graph to the left of each vertical black line corresponds to the estimated cohort mean of household incomes before the univariant filter is applied, and to the right the results excluding outliers are presented.
In observing the two figures, it is noteworthy that the error bands on male cohorts are smaller than those observed for female cohorts, possibly due to the lower number of observations in the female cohorts. But even after considering those wider confidence intervals, for most of the years studied and most of the birth cohorts, male-headed households experience a significantly higher income than female-headed households (at a 95 percent confidence level).
Without the application of the MAD univariant filter, some birth cohorts exhibit very irregular behavior, and in the case of female cohorts some of the error bands explode (raising serious concerns about the validity of those estimations in a pseudo-panel context). However, once outliers are excluded, the error bands decrease considerably and the behavior of the income mean becomes smoother.
Figure 1. Average Income Before and After MAD Treatment for Male Cohorts
Source: Authors' calculations.
Figure 2. Average Income Before and After MAD Treatment for Female Cohorts
Additional descriptive statistics regarding the cohorts constructed after the outlier treatment are presented next. For most of the male cohorts, the percentage of households located in urban areas is significantly lower than the one presented by female cohorts. This might be due to a more traditional family life in rural areas, which makes single-parent families, or femaleheaded households, a less common occurrence. It is also important to note that the number of entrepreneur households headed by women is significantly lower than those headed by men. This is accentuated by the fact that almost half of all female entrepreneur households include a member, different from the household head, who owns a business. 
Income Mobility and Entrepreneurship

The Unconditional Model
Income mobility presents a measure of the relationship between past and present income. This relationship can be represented by the following equation: , = , −1 + , where , represents the income of household in period , , is a composite error term and is a measure of the unconditional income convergence ( =0 represents a perfect income mobility and =1 represents an absence of income mobility or perfect convergence).
Since information for the same individual is not available in the different years sampled, a pseudo panel approach was taken in order to estimate the parameter. As previously mentioned the synthetic observations are constructed with the average values of the household observations in each cohort. The dependent variable used for the estimation of the model is the log of the average household's income for the cohort and the period studied, which makes the parameter a measure of the elasticity of past and present income. The respective cohort model can be expressed as follows:
For ease of exposition, the logarithm of the income variable for each cohort will still be represented as � , .
Fields and Ok (1999) demonstrate that this measure of income mobility is the only one to have a set of desired properties (scale invariance, symmetry, multiplicability, and additive separability).
The Conditional-Entrepreneurship Model
As shown in Cuesta et al. (2011) , the measure of unconditional income mobility tends to underestimate the true mobility experienced by households in an economy. The effect of household covariates on income mobility can be estimated by an extension of the previous model:
where:
� , = the Neperian logarithm of the average household income of cohort in period .
The income variable is previously deflated considering the purchasing power parity (PPP) index reported by the World Bank.
̅ , = the proportion of households which are considered to be entrepreneurs in cohort and period . This regressor is believed to be predetermined, a concept that will be clarified below.
= a dichotomous variable which takes the value of 1 if is a female cohort and 0 otherwise. 1 ���� ( ), = a set of time-variant household covariate averages for cohort and period .
These regressors are believed to be exogenous. is included to denote that the average is taken on period and, as the sample mean is an error-driven measurement, differences may be observed over time. These variables need not be truly time-invariant, but the rate at which they vary may be too subtle to be observed in one period (variables that present a staircase behavior and which require more than one period to register a change fall in this category). An obvious example is the gender of the household head, due to the construction of the cohorts. No assumptions about the relationship of these covariates with the error term are made. 5 and 6 = vectors of the pseudo-elasticity of said covariates on present incomes. � , = a composite error term determined by the next equation,
where ̅ is a time-invariant intrinsic cohort " " component which cannot be observed, and � , is an error term. The different possible assumptions for these terms are considered below.
The total measure of income mobility can be expressed as:
where 1 = the part of income convergence that is only explained by past income. 2 = the effect that a marginal increase in the entrepreneurship percentage in the cohort has on its income convergence. 4 = the variation in income convergence experienced by female cohorts. If the number of observations in each cohort is sufficiently large, � , , ̅ , , 1 ���� ( ), and 2 ���� ( ) will provide accurate estimators of the true cohort means. An unbiased estimator of the relevant model parameters can be obtained through traditional dynamic panel estimation methods (like the two-step least squares estimation or a more efficient estimator obtained by GMM methods).
Estimation by Dynamic Panel Methods
The dynamic nature of the model presented results in a series of complications when estimating the autoregressive parameters. Because the estimation centers on following the same cohorts over time, as previously indicated, an unobserved fixed component is introduced into the equation. The following expression is obtained by replacing the composite error term with its determinants:
By expressing this equation in the t − 1 period, one can show that the unobserved component is correlated with previous income (this is also likely to hold for the other contemporaneous covariates), which introduces a missing variable problem that would render standard estimation methods biased. However, several assumptions can be made about the nature of the error components (depending on the licenses the researcher is willing to take), and from which different consistent estimation methods can be derived.
The following assumptions are made about the cohort covariates and the error components:
• The error term is believed to be serially uncorrelated, 3 � ̅ , ̅ , −1 � = 0 (2)
• Entrepreneurship is believed to be predetermined,
This means that the error term is correlated with contemporaneous or future entrepreneurship levels. This assumption is made because entrepreneurship is believed to be endogenous, as it is difficult to establish a causal relationship between this variable and the contemporaneous average household income for each cohort.
• The time-variant cohort covariates are assumed to be exogenous, but not strictly so.
• No assumptions are made about the nature of the time-invariant covariates.
• Building on the belief that the errors are serially uncorrelated, a natural supposition is made:
The fact that the model is estimated at a cohort level provides an alternative to conventional dynamic panel estimation methods. Moreover, if it is assumed that:
then the intrinsic cohort average effect will be asymptotically equal to 0 and, with large cohort dimensions, the missing variable problem is solved. Next, instrumental variables are needed to account for the endogeneity of entrepreneurship, after which a two-stage OLS estimation method will provide consistent estimators (even though a robust estimation is recommended because of the existence of an important heteroskedastic factor caused by the use of sample averages as observations). But assumption (6) implies that no intrinsic cohort effect exists, which raises serious questions about the validity of the constructed cohorts as units of study. If one is willing to assume that the intrinsic cohort effect is evened out, then how many important effects suffer the same attrition? Cohorts should be constructed on the basis of homogeneity of the individuals within the group, so as to avoid the loss of essential information and to make mean estimators more significant. If it is assumed that this is not so, then even if the estimations are consistent, the conclusions derived from the study will not be very relevant. Hence, the existence of idiosyncratic cohort effects should be taken as an indicator of accurately constructed cohorts. On account of these issues, and the belief that the cohorts defined for this study are correctly specified, assumption (6) is relaxed.
Thus, estimating the proposed model without accounting for the unobserved cohort effect will result in biased estimators and ordinary least squares (OLS) methods will result in a positively biased estimation (Nickell, 1981) . The fact that OLS is expected to provide a positive bias in the estimator if the idiosyncratic component exists is a useful check on the validity of the proposed cohorts studied.
To draw out the fixed effect of the error term, a possible solution would be to apply a mean deviation transformation to equation (1 Another approach that eliminates the unobserved fixed effects is to apply first differences to equation (1) as shown next:
As first differences are applied, any time-invariant regressor is also eliminated and can no longer be estimated. It can easily be shown that the � , −1 component in the transformed autoregressive term is correlated with the ̅ , −1 component in the transformed error term by the dynamic nature of the model. Following the method proposed Holtz-Eakin, Newey, and Rosen (1988) and continued in Arellano and Bond (1991), a generalized method of moments (Hansen 1982) approach is taken to account for the endogeneity presented in (7) . Building on the first moment conditions given by (3), (4) and (5), a set of instruments is available to account for this problem. As the number of available instruments is quadratic in the time dimension of the panel, many problems can be encountered in finite samples. Roodman (2006) presents various methods available to account for the over identification problem derived from large instrument matrixes.
Another possible estimation method would be the use of system GMM, presented in Blundell and Bond (1998) . 4 The advantage of system GMM is that it permits the estimation of time-invariant variable parameters by the inclusion of both level and difference instrument sets, but it also requires the use of large instrument matrices. Due to the instrument proliferation relative to the small sample size that would occur if the previous estimation method were used, the traditional difference GMM approach was taken. But, as previously noted, this eliminates from the estimation any time-invariant regressor.
Results
The results of the estimation of the conditional and unconditional income mobility models are presented. As previously explained, the models are also estimated by the use of OLS and within estimation to obtain reasonable bounds for the autoregressive parameter and to evaluate the results obtained by GMM.
The Unconditional Model
The unconditional model was estimated using difference GMM procedures. As previously indicated, it is expected that a heteroskedastic component exists in the error term; hence, a robust correction in the variance and covariance matrix of the errors is applied. A total of 140 observations were used in the estimation of the model (since one period is lost due to the application of first differences), and a collapsed instrument matrix 5 containing a total of two instruments was used. It can be observed that the GMM estimator for the autoregressive term is inside the bounds given by the OLS and within estimators. The total unconditional convergence is estimated at 0.86, slightly below the 0.9 obtained for the rest of Latin America (Ñopo et al., 2011) . As expected, the OLS estimator is larger than the one provided by GMM methods. This indicates that the cohorts are adequately constructed, as the unobserved cohort fixed effect is present (hence the OLS estimation is positively biased). But due to the robust estimation method applied to the GMM estimation, its 95 percent confidence interval is wide and includes the value estimated by OLS; thus, the difference observed is not significant. Additional relevant statistics for GMM estimation are presented in Table 6 . The Arellano-Bond test for autocorrelation is used to determine if the errors are serially uncorrelated (assumption (2)). The null hypothesis is that no second-order autocorrelation is present in the transformed error component (which translates to first order autocorrelation in level equation (1)); and as the hypothesis is not rejected, the assumption that there is no autocorrelation present in the error holds.
The Sargan and Hansen tests are used to determine the quality of the instrument matrix used. The null hypothesis is that the instruments are not exogenous (which means that instrument matrix is not valid). Thus, for the consistency of the GMM estimators, this test must be rejected.
The Sargan test is not robust, and the Hansen statistic is a robust measure but its validity is reduced as the number of instruments used increases (a frailty not shared by the Sargan statistic).
Therefore high p-values obtained for this test are generally construed as a warning of misspecification. However, taking into account the small number of instruments used and the fact that the Sargan test also presents high p-values, the hypothesis of exogeneity of the instruments is confidently rejected.
The Conditional-Entrepreneurship Model
Only one cohort covariant was considered for the 1 ���� ( ), vector: the average number of residents whose income represents more than 25 percent of their household income for cohort in period . This measure is considered to be much more volatile in time than any other household covariate (including age of the household head, number of residents per household, education level for older cohorts, etc.), and thus would be able to survive the first differences taken. The following results were obtained: As occurred in the unconditional model, the first autoregressive term is inside the bounds given by the other estimation methods. The difference between the OLS and GMM estimators is more notorious in the conditional model, but it is still not significant at a 95 percent level. This will be very difficult to accomplish considering the small size of the pseudo-panel and the robust estimations made.
The total income mobility can be expressed as follows:
This means that an increase of 1 percent in the level of entrepreneurship in a cohort in period − 1, translates into an increase of 0.0025 in the income mobility of said cohort in period
. An interesting result is that female cohorts experience significantly higher income mobility, as their base convergence level can be expressed as (since = 1 for female cohorts):
To complement the reduction of income convergence that occurs with an increase in the percentage of entrepreneurs in a given cohort, this increase also positively affects future income.
Additional relevant statistics for GMM estimation are presented below: The Arellano-Bond test is rejected at a 10 percent level, so first-order correlation in the error term is to be expected. On account of this issue, assumptions (2), (3), (4) and (5) need to be corrected as follows:
The following instrument matrix was constructed:
For every ≥ 4
• � , −s ∀ ≥ 3,
As was done with the unconditional model, the instrument matrix constructed was collapsed to reduce the number of instruments without loss of information. This resulted in an instrument matrix with a total of 18 instruments and 120 observations available for the estimation of the model.
The Sargan statistic is not robust and, due to the heteroskedasticity of the error term (guaranteed by the pseudo-panel approach taken), the fact that the null is not rejected should not be alarming. The Hansen test is rejected at a 10 percent significance level, but the value is not high enough as to generate doubt (an empirical rule of thumb is to consider p-values approaching 0.3 or higher as suspicious) so no miss specification signs are present.
Conclusion
There have been few attempts to measure the determinants of income mobility in Latin America, due mainly to the limited information collected in those countries and the lack of panel data. This is especially true for Ecuador, where few such studies have been undertaken. But building on recently developed methods of estimation without the use of panel data and other efforts to reduce the dependence of consistent autoregressive estimators on a large time frame in a dynamic panel scheme, estimations of income mobility and its determinants were achieved for the Ecuadorian case.
Through the construction of a pseudo-panel and the application of difference GMM estimation methods, unconditional and conditional income mobility models were estimated. As expected, and in accordance with other empirical studies, the unconditional model tends to underestimate true income mobility, as there are other factors not included in the equation that explain future income and are correlated to previous income (there is a missing variable problem and estimations are biased). The inclusion of other cohort covariates in the proposed model reduces the bias and permits the analysis of other determinants of income mobility and future income (these might be affected by public economic policy). One of those factors, and the one of particular interest for this paper, is the percentage of entrepreneurs in the different cohorts.
The results of the GMM estimations revealed that entrepreneurship not only reduces income convergence by 0.0025 but also increases future average cohort income by 1.79 percent per percentage-point increase in the cohort's entrepreneurship rate. This means that entrepreneurship not only positively affects income generation on average, but also makes it easier to generate such an increase. Another interesting result is that households headed by women tend to experience more income mobility. This, paired with the fact that their income is significantly lower than those of male-headed households, is a clear indication of the vulnerability of female-headed households.
The classification of entrepreneurship used in this study suffers from data censorship, as only families currently in charge of a business are considered entrepreneurs. Households that owned a business but went bankrupt would fall in the non-entrepreneur category. This leads not only to an overestimation of the positive effect mentioned in future income but also to a possible further increase in the positive effect on income mobility. However, considering that under normal conditions most businesses that go bankrupt follow a process that takes time, the censorship should not be problematic. This is because in any given period, some entrepreneurs are thriving while others are failing. This effectively reduces the average income they perceive over time and considerably diminishes any possible bias.
The results of this study indicate that public policy should put special emphasis on promoting incentives for the development of entrepreneurship as a strategy for economic development.
